In this study, biomass equations for the above-and below-ground tree components of Scots pine (Pinus sylvestris) and Norway spruce (Picea abies [L.] Karst.) were developed. The models were based on 908 pine trees and 613 spruce trees collected in 77 stands located on mineral soil, and represented a wide range of stand and site conditions in Finland. The whole data set consisted of three sub data sets: 33 temporary sample plots, five thinning experiments, and the control plots of 39 fertilization experiments. The biomass equations were estimated for the individual tree components: stem wood, stem bark, living and dead branches, needles, stump, and roots. In the data analysis, a multivariate procedure was applied in order to take into account the statistical dependence among the equations. Three multivariate models for above-ground biomass and one for below-ground biomass were constructed. The multivariate model (1) was mainly based on tree diameter and height, and additional commonly measured tree variables were used in the multivariate models (2) and (3). Despite the unbalanced data in terms of the response variables, the statistical method generated equations that enable more flexible application of the equations, and ensure better biomass additivity compared to the independently estimated equations. The equations provided logical biomass predictions for a number of tree components, and were comparable with other functions used in Finland and Sweden even though the study material was not an objective, representative sample of the tree stands in Finland.
Introduction
There is a current need for reliable biomass estimates for total tree and individual tree components such as stem wood, stem bark, living and dead branches, foliage, stump and roots. Because direct measurement of the tree biomass, usually expressed as dry weight, is not feasible in practise, biomass estimates are commonly obtained with regression models which, in turn, are based on easily measurable tree variables. Biomass models should meet specific requirements before they can be used in forest management planning systems and forest biomass inventories at the national scale (Kärkkäinen 2005) . First of all, the models have to produce reliable biomass estimates applicable over the whole country. Secondly, the biomass models should be based on the variables that are normally measured in forest inventories, or which can be estimated easily and reliably from inventory data. Thirdly, the models should be based on the same sample trees in order to give a reliable depiction of the interrelationship between the individual tree components. In addition, one desirable feature of the tree components equations is biomass additivity, i.e. that the sum of the predictions for the tree component equals the prediction for the whole tree (Kozak 1974 , Cunia and Briggs 1984 , Parresol 1999 , 2001 ). Furthermore, the model should be formulated such that the models can be applied flexibly, for example they can be calibrated to a new stand with the help of the biomass measurements (Repola 2008) .
Several studies on pine and spruce biomass have been published in the Nordic countries, but only a few functions have been published that fulfil the above requirements. In Sweden, Marklund (1988) published biomass functions for different above-and below-ground tree components that were based on a large and representative material from the Swedish national forest inventory. These functions are commonly used in Scandinavia and, according to Kärkkäinen (2005) , they are also applicable in Finland. In Finland, Hakkila's (1979 Hakkila's ( , 1991 functions have also often been applied for predicting stem and crown biomass. However, the functions for crown biomass are primarily applicable to trees in logging removals, and not to the whole growing stock. Hakkila's (1979) dry weight tables for pine and spruce stems provide estimates of stem biomass including bark as a function of tree diameter, height, and taper class. Repola et al. (2007) published general biomass equations in which the biomass of the above-ground and of the below-ground tree components are modelled mainly on the basis of the same sample trees. Functions for the below-ground biomass components of pine and spruce have been published by Hakkila (1972) , Finér (1991) and Repola et al. (2007) in Finland, and by Marklund (1988) and Petersson (2006) in Sweden. These commonly used biomass functions are primarily applicable for trees growing on mineral soil but, according to Kärkkäinen (2005) , both Marklund's (1988) and Hakkila's (1979 Hakkila's ( , 1991 functions can also be applied for trees growing on peatlands. Biomass equations for trees growing on peatland sites in Finland, based on a more limited material, have been published by Finér (1989 Finér ( , 1991 and Laiho (1997) .
The reliability and applicability of biomass equations depends on the study material and also on how efficiently the study material is utilized in the model estimation. The biomass of the individual tree components usually varies from stand to stand, and they are more strongly correlated within stands than between stands (Repola 2008) . In addition, the biomass components of the tree are not independent, which means that there is statistical correlation among the biomass components in the same tree, i.e. the errors in the different equations are correlated (contemporaneous correlation). The hierarchically structured data and contemporaneous correlation have frequently been ignored in the model estimation, which means a loss of precision of the parameter estimates (Parresol 1999 , 2001 , Repola 2008 . The hierarchically structured data can be analysed by the generalized least squares (GLS) estimation method, which permits analysis of the between-stand and within-stand variation (Claesson et al. 2001 , Repola et al. 2007 , Repola 2008 . Contemporaneous correlation can be taken into account by using a multivariate procedure, i.e. by constructing a set of linear or non-linear models, the parameters of which are estimated simultaneously (linear or non-linear seemingly unrelated regression) (Zellner 1962 , Parresol 1991 and 2001 , Carvalho et al. 2003 , Bi et al. 2004 , Návar et al. 2004 , Repola 2008 . The multivariate procedure has also been used to ensure biomass additivity by estimating across-equation correlation at the tree level, and by setting linear restrictions on the regression coefficients (across-equation constraints) (Parresol 1991 and 2001 , Carvalho et al. 2003 , Bi et al. 2004 , Návar et al. 2004 ). Repola (2008) developed multivariate mixed models, in which the across-equation correlations were estimated at both the stand and tree levels, thus illustrating the statistical dependence among the tree components at both the stand and tree levels. This procedure enabled information to be effectively transferred from one equation to another, which allowed flexible model calibration to a new stand by utilizing the across-equation covariances of the random stand parameters (see Lappi 1991 , Repola 2008 .
The aim of this study is to develop biomass equations for above-and below-ground tree components of Scots pine and Norway spruce by applying a multivariate procedure that effectively utilizes the information of the biomass data as well as the information produced by national forest inventories. The purpose is to determine the advantages of applying the multivariate procedure instead of estimating the models independently using data with unbalanced response variables, i.e. in the case when not all the biomass components have been measured on all the sample trees.
Material and Methods

Material
The study material consisted of a total of 44 Scots pine (Pinus sylvestris), and 34 Norway spruce (Picea abies [L.] Karst.) stands. The stands were located on mineral soil sites representing a large part of Finland (Fig. 1) . The average annual effective temperature sum (dd, > 5 °C) varied between 705 and 1385 dd (Table 1) . The stands were even-aged, and ranged from young to mature growing stock (Table 1) . The spruce stands were growing on fertile or highly fertile sites, and the pine stands on dry to fertile sites.
The whole data set consisted of three sub data sets: 33 temporary sample plots, five thinning experiments, and the control plots of 39 fertilization experiments. The temporary plots were established in five of the Finnish Research Institute's research areas, located in different parts of Finland. Four temporary plots, selected from young to mature stands, were established in each research area. The temporary plots were located subjectively in representative parts of the stands. dd = cumulative annual temperature sum with a threshold of +5 °C, T = stand age (at stump height), G = stand basal area, D = mean diameter at breast height (weighted with tree basal area), H = mean height (weighted with tree basal area)
Pine Spruce
All the sample plots were circular plots with a 7-meter radius in young stands, and a 15-meter radius in more advanced stands.
The thinning experiments, which were located in pure pine or spruce stands, consisted of plots with different thinning intensities. Unthinned, moderately and heavily thinned plots were selected in each experiment. The plots were rectangular or square shaped, ranging in size from 1000-1600 m 2 , and in a 5-m-wide buzzer zone (see Mäkinen et al. 2004) . Trees growing in the buffer zone of the plots were selected as sample trees, and the trees located within a 7-meter radius around the sample trees were mapped.
The control plots in the fertilization experiments used in this study belonged to three different series of long-term fertilization experiments. The oldest experiments, five pine and six spruce stands varying from the first-thinning to finalcutting stage, were established during the period [1958] [1959] [1960] [1961] [1962] [1963] [1964] [1965] . They belong to a large experiment series, which was established to quantify the impact of the main nutrients (N, P, K and Ca) on soil properties and tree growth (see Kukkola et al. 1983 ). The second category of experiments was established between 1977-1986 in first thinning stage to quantify the impact of whole-tree harvesting on loss of nutrients and growth. The treatments were conventional and whole-tree harvesting with or without fertilization (see Jacobson et al. 2000) . On some of the experiments also a treatment of double residues was included. Four pine and six spruce stands were used in this study. The third series of experiments consisted of 13 pine and 5 spruce stands. It was established 1990-1993 in middle aged stands to study the possibilities to prevent or alleviate forest decline caused by air pollutants or other factors and thus to promote the health of trees (see Saarsalmi et al. 2004) . The experimental design of the fertilization experiments was factorial in the case of the first experiment series and randomized blocks for the other two. The size of the rectangle or square shaped plot varied from 625-900 m 2 . Only the sample trees from the unfertilized plots were selected to the study material.
Sample Trees
The sample trees, in most cases 4-5 trees per plot, represented the whole growing stock, but were selected randomly by weighting by tree size, i.e. the trees were selected with a probability proportional to d 2 (d = breast height diameter). The total number of sample trees was 908 for pine and 613 for spruce (Table 2) . Damaged trees were not accepted as sample trees. The majority of the sample trees were from the control plots of the fertilization experiments ( Table 2 ). The diameter and age distribution of the sample trees was broad, the diameter ranging from 1.5 to 35.8 cm and from 1.7 to 41.7 cm for pine and spruce, respectively (Table 3) .
Biomass Measurements and Estimation for the Sample Trees
The biomass was estimated by individual tree components; stem wood, stem bark, living and dead branches, needles, stump and roots. The branch biomass included both branch wood and bark, and the living branch biomass included cones. Not all the biomass components were measured on all the sample trees ( Table 4 ). The biomass measurements and estimation methods for the tree components have been described in more detail in previous studies (see Repola et al. 2007 , Repola 2008 . The field measurements on the fertilization experiments were carried out between 1983 and 2003, and on the thinning experiments and temporary sample plots between 2001 and 2003. Tree age, height, living crown length, stem diameter and bark thickness at six points along the stem, and diameter increment during the last five years, were measured on each sample tree.
The living crown was divided into four sections of equal length, and one living sample branch was selected subjectively from each section to represent the average-sized (diameter and height) branch of the crown section. One dead sample branch per tree was taken from the lowest crown section. The fresh weight of all remaining living and dead branches in each section was determined in the field. The moisture content of the sample branches was measured in the laboratory. The needle and branch biomass of the tree was estimated by means of a stratified ratio estimator (Cochran 1977 , Parresol 1999 .
Stem wood biomass was calculated by multiplying the stem volume by the average stem wood density. Stem volume, both under-bark and over-bark, was calculated by applying Laasasenaho's (1982) taper curve equations calibrated with the diameter and bark thickness measurements made at six points along the stem. Wood density (kg m -3 ) of the sample tree was measured on two sample disks taken at breast height and at a height of 70%. The average wood density was determined by utilizing, in addition to the basic density measurement of two sample disks, an equation for the vertical dependence of wood density (Repola 2006 ) and the stem taper curve (see Repola et al. 2007 and Repola 2008) .
The biomass of the stem bark was obtained from the average bark density and bark volume of the tree. Bark volume was calculated as the difference between the under-bark and over-bark stem volume. The average bark density was obtained from the mean of the bark density of the two sample disks.
The stump and root biomass were measured on a sub-sample of the trees on the temporary plots. Stump biomass included both above-and belowground portions, and stump height was on average 1% of tree height. The minimum determined coarse root diameter varied from 2-5 cm depending on tree diameter. In addition, the root biomass was also determined on roots with a diameter larger than 1 cm on some of the trees (Table 4 ). The fresh weight of the stump and roots were determined in the field. One sample (stump sector) was taken from the stump and two root discs for moisture content determination. The stump and root biomasses of the tree were estimated by applying ratio estimation methods. First, simple regression equations (1) and (2) were constructed for the dependence of > 1 cm root biomass on the biomass of coarse roots (2-5 cm). The > 1 cm root biomass was then predicted for the whole root material by applying Eqs.
(1) and (2).
Scots pine y = 0.103 + 1.525x R 2 = 0.99, σ = 1.471 kg (1) Norway spruce y = 0.842 + 1.306x R 2 = 0.99, σ = 2.332 kg (2) where y is the > 1 cm root biomass and x the coarse root biomass.
Statistical Method
The basic assumption in the model approach was that the biomasses of tree components on the same stand and in the same tree are dependent. This meant statistical dependence among the equations, i.e. the errors of the individual equations are correlated. Multivariate procedures with random parameters were applied to take into account the across-equation correlation at both the stand and tree level. Equations for stem wood, stem bark, needles, living and dead branches and total above-ground tree biomass were compiled. Equations for below-ground biomass components were estimated for stump and roots (> 1 cm). The equations for individual tree components and total above-ground biomass were first fitted independently (single models), and a set of linear models was then constructed to form a multivariate linear model. The parameters of the multivariate models were estimated simultaneously. The compiled multivariate model was written as:
where y 1ki , y 2ki … y nki = dependent variables of biomass component 1, 2, ... n for tree i in stand k n = number of biomass components
= vectors of fixed effects parameters u 1k , u 2k … u nk = random effects for stand k e 1ki , e 2ki …e nki = random effects for tree i in stand k (residual error)
The covariance components, cov(u j,k ,u j+1,k ) and cov(e j,ki ,e j+1,ki ), which depicted the dependence among the random effects of biomass components j, were estimated for both the stand and tree level. All the random parameters (u 1k , u 2k … u nk ) of the same stand are correlated with each other, and the residuals errors (e 1ki , e 2ki …e nki ) of the same tree are correlated. The random parameters and residuals errors are assumed to be uncorrelated, and also assumed to be identically distributed Gaussian random variables with a expected value of 0. In addition, the random parameters are also assumed to have different variances. The material had a hierarchical, 2-level (temporary plots) and 3-level (thinning and fertilization experiments), structure. To define the model we treat the study site as a 2-level unit (between sites) and the tree (within site) as a 1-level unit. In order to simplify the structure of the data the plot level was ignored in the fertilization experiments. In the thinning experiments, the plots were assumed to be independent, i.e. treated as if they were from the different stands. LME procedures of R software were used to estimate the multivariate models. The LME procedure was a suitable tool for multivariate analysis in our case because it uses observations that have incomplete responses.
The biomass equations have a multiplicative model form. Logarithmic transformation was used to obtain homoscedasticity of the variance, and to transform the equation to a linear form. When applying the fixed part of the equations, a variance correction term, σ σ u e 2 2 2 ( + ) / (where σ u 2 = var(u k ) and σ e 2 = var(e ki )), should be added to the intercept in order to correct for the bias due to the logarithmic transformation. This correction factor tended to lead to overestimation of the biomass of dead branches due to the large value of the variance, σ σ , where y is the measured biomass of the dead branches and ŷ is the fixed prediction for dead branches. The prediction can then be retransformed with the correction term as follows: y c e y = ⋅ ln(ˆ) (Snowdon 1991) .
Results
Multivariate Models
Multivariate models were constructed separately for the above-ground and below-ground biomass.
Owing to the different number of observations of the above-and below-ground components, the model parameters of these components could not be estimated simultaneously. The multivariate model for above-ground biomass contained the equations for stem wood, stem bark, needles, living and dead branches and total tree biomass. The multivariate model for below-ground biomass included stump and roots with diameter > 1 cm. Three multivariate models for above-ground biomass and one for below-ground biomass were constructed for both pine and spruce. Multivariate models (1) were mainly based on tree diameter at breast height (d) and tree height (h) (Eqs. 4-19). Multivariate models (2) contained, in addition to diameter and height, tree age at breast height (t 13 ) and crown variables as independent variables (see Appendix, Eqs. A1-A12). Multivariate models (3) were based, in addition to the previously mentioned variables, on bark thickness (bt) and radial increment during the last five years (i 5 ) (see Appendix, Eqs. A13-A24).
Only variables measured in the national forest inventory were used in model formulation. The most significant independent variable, diameter at breast height, was expressed as an approximation of the stump diameter, d S = 2 + 1.25d (Laasasenaho 1982) , which can be interpreted as a transformation rather than an estimate of stump diameter. This was done in order to obtain a model that is also valid for trees with a height under 1.3 m. The best transformation of d S was d S / (d S + n), where n is a constant determined by the grid search method (See Marklund 1988 , Repola 2008 . A similar transformation, in addition to ln(h), also proved to be a usable expression of tree height.
Multivariate Model 1a
Scots pine Above-ground biomass equations for pine (Table 5) 
Living branches:
Needles:
Dead branches: 
Multivariate Model 1b
Below-ground biomass equations for pine (Table 6) 
Multivariate Model 1c
Norway spruce Above-ground biomass equations for spruce (Table  7) :
Stem wood: 14 12
Stem bark:
Living branches: 
Multivariate Model 1d
Below-ground biomass equations for spruce (Table  8) :
Stump: 
Comparison among Multivariate Models
(1), (2) and (3)
Multivariate models (1) (2) and (3) were not directly comparable because they were based on a different number of observations as a consequence of missing measurements of independent variables. In general, in all the equations the between-stand variance was clearly lower than the within-stand variance, and the addition of independent variables to the equation reduced the between-stand variance more than the withinstand variance (Tables 5-8, A1-A4 ). The addition of tree age (t 13 ) to Eqs. (A1) and (A7) for stem biomass based on diameter and height reduced the total error variance by 17% and 34% for pine and spruce, respectively. Adding radial growth (i g5 ) decreased the total error variance by a further 6% and 10% for pine and spruce, respectively. The equation for stem bark biomass had a similar form in multivariate models (1) and (2). Adding bark thickness (bt) as an independent variable improved bark equations (A14) and (A20) by decreasing the total error variance by 10% for both pine and spruce.
Crown variables significantly improved the equations for crown components. Crown length (cl) in needle equations (A4) and (A10) decreased the total error variance by 41% and 45%, and between-stand variance even by 71% and 74% for pine and spruce, respectively. Similarly, the addition of crown length to the equations for living branches (A3) and (A9) decreased the total error variance by 36% and 29% for pine and spruce, respectively. The total error variance deceased by about 7-22% more when variables depicting tree growth rate (i 5 and d / t 13 ) were added to the equations for living branches and needles (A15), (A16), (A21) and (A22). The total error variance was considerable in the dead branch equations based on tree diameter or diameter and height (Eqs. 8, 16, A5, A11). The total error variance decreased by 21-23% after adding more independent variables (t 13 , cl, cr, i 5 ) to Eqs. (A17) and (A23). The equation for the total above-ground biomass for spruce, based on tree height and diameter, was only slightly improved by adding crown ratio (cr) to Eq. (A12). Similarly, using crown ratio as an independent variable improved the equation for total biomass of pine (A6) by reducing the total error variance only by 11%. The total error variance for pine was further decreased by 32% when tree age (t 13 ), radial growth (i 5 ), and bark thickness (bt) were used as independent variables, in addition to tree diameter and height, in Eq. (A18).
Correlation between the Equations
The equations for biomass components were not independent, i.e. correlation (across-equation correlation) was detected between the random parameters at both the stand and tree levels (residual error). In general, the across-equation correlation at the stand level was higher than that at the tree level. The stand level random parameter of needles and dead branches showed negative correlation in all the multivariate models of pine and spruce (Tables 5, 7 , A1-A4). This means that, in the stands where the needle biomass was tended to be overestimated, the dead branch biomass was, in turn, underestimated.
The highest correlations between the aboveground biomass components of spruce occurred between the needles and living branches as well (Tables 7, A2 , A4). In the pine models the correlation between the random stand parameter of the biomass components was lower than that in the spruce models. The highest correlation, from -0.428 to -0.683, occurred between stem wood and dead branches (Table 5 , A1, A3). The tree level errors were not systematically correlated among the tree components, and no correlations over 0.400 were detected. The random error of the total tree biomass was highly correlated with the other tree components, especially with the stem wood biomass of living branches. The random parameters of the stump and roots equations were poorly correlated at both the stand and tree level (Table 6 , 7).
Biomass Additivity
A desirable feature of tree components equations is that the sum of predictions for the individual tree components equals the prediction for the whole tree (Parresol 1999) . The sum of predictions for the tree components equalled the prediction for the total tree biomass relatively well, especially for pine. When applying multivariate models for pine (1a) and (3a), the sum of the tree components resulted in an average of 0.2% and 1.1% lower tree biomass compared to the prediction for the total tree equations (9) and (A18). In multivariate model (2a) the tree component equations produced, on the average, 1.2% higher tree biomass compared to the prediction for the total tree equation (A6). The tree component equations for spruce produced, on the average, 2.3%, 3.7% and 4.5% lower tree biomass compare to the predictions for total tree equations in multivariate models (1c), (2b) and (3b), respectively. Although biomass additivity was not totally ensured in the multivariate models, the multivariate procedure gave better results compared to the independently (single models) estimated equations. When the equations in multivariate models (1), (2) and (3) were estimated independently the tree component equations produced, on the average, 0.1%, 2.2% and 4.7% higher tree biomass prediction for pine, and 4.6%, 5.4% and 6.7% lower tree biomass predictions for spruce compared to the predictions of the total tree equations.
Comparison with Other Functions
The predictions given by multivariate models (1a), (1b), (1c) and (1d) were compared with the results obtained with other functions commonly used in Finland (Hakkila 1979 , 1991 , Marklund 1988 , Petersson 2006 . The reference functions for the above-ground tree components were based on tree diameter and height, and the functions for the below-ground tree components on tree diameter. Sample trees from the 9th Finnish National Forest Inventory (NFI9, 1996 (NFI9, -2003 data were used as the test material. Stem biomass estimates, including stem wood and bark, given by the different equations were relatively similar for trees with a diameter > 30 cm. For larger trees multivariate models (1a) and (1c) yielded lower stem biomass values for both pine and spruce than those given by Marklund's (1988) and Hakkila's (1979) functions (Figs. 2  and 3 ). The comparisons were made for functions in which only the variation in stem form, caused by varying breast height diameter and height, was taken into account.
All the equations yielded relatively similar predictions of the living crown biomass for trees with a diameter under 30 cm, but for larger trees Hakkila's (1991) functions clearly gave the largest living crown biomass for both pine and spruce (Figs. 2 and 3 ). Multivariate models (1a) and (1c) and Marklund's (1988) functions gave a relatively similar prediction, especially for spruce throughout the diameter range.
The stump and root biomass obtained with the different equations were relatively similar and logical when the minimum root diameter was taken into account. Multivariate models (1b) and (1d) mainly followed a logical pattern throughout the diameter range, especially for spruce, compared to Swedish (Marklund 1998 , Petersson 2006 functions (Figs. 2 and 3 ). Hakkila's (1972) functions produced the lowest stump and root biomass for both pine and spruce. The estimates for below-ground biomass are not directly comparable because the minimum root diameter varies among the studies. In our study, root biomass was determined up to a diameter of 1 cm, and in Hakkila's (1972) and Marklund's (1988) study up to a diameter of over 5 cm. Petersson's functions included roots down to a diameter of 0.5 cm.
Discussion
In this study biomass equations were developed for the above-and below-ground tree components of Scots pine and Norway spruce. The equations were based on the same material, and mainly also on the same model formulation, which was used in a previous study (See Repola et al. 2007 ).
Furthermore, multivariate models (2a) and (2b) included the equations for stem wood and total above-ground biomass, based on the combination of the independent variables, which were not presented in a previous study (Repola et al. 2007) . In this study the equations were estimated by applying the multivariate procedure instead of estimating the equations independently, while ignoring the dependence among the biomass of the tree components of the same stand or tree. The multivariate procedure proved to be an efficient method for the model estimation despite the unbalanced data in terms of the response variables, i.e. in the case when not all the biomass components were measured on all the sample trees. Based on the verified statistical dependence among the biomass equations (across-equation correlations), especially at the stand level, the multivariate procedure had a number of advantages compared to the independently estimated equations. First, the across-equation correlations of the random parameters enable information to be transferred from one equation to another, which is especially useful in calibrating the model for a new stand (Lappi 1991 , Repola 2008 . The biomass prediction can be calibrated to a given stand by utilizing the across-equation correlations of random stand parameters and measurements of other biomass components (Lappi 1991 , Repola 2008 . Second, the covariance matrix of the fixed parameters in the multivariate models also produced across-equation covariance of the fixed parameters. It is possible, using these covariances, to calculate the prediction reliability, for example the confidence interval for any combination of the biomass components. This information is not available for independently estimated equations. Third, the multivariate model usually produces more reliable parameter estimates when contemporaneous correlations occur (Parresol 1999 and 2001 , Repola 2008 . This advantage was, however, of only minor importance in this study because the multivariate procedure only slightly changed the parameter estimates and produced slightly more reliable parameter estimates (not presented) (Repola 2008) . In addition, although biomass additivity was not totally ensured in the multivariate models, they gave better results compared to the independently (single models) estimated equations.
In the multivariate procedure, biomass additivity can be ensured by setting across-equation constraints and by constructing a total tree equation such that it is a function of all the independent variables used in the tree component equations (Briggs 1984 , Parresol 1999 , Carvalho et al. 2003 , Bi et al. 2004 , Návar et. al. 2004 ). Due to problems in the model estimation for unbalanced data (unbalanced response variables) the structure of the models had to be simplified, and the additivity procedure was not applied. In addition, the additivity procedure would have resulted in a complex total tree equation with several transformations of breast height diameter and height. Because of additivity restriction, the inherent equations for total tree biomass (log transformed) could not be linearized and thus it could not be estimated by the linear estimation method. Despite this, the summed predictions of the individual tree components corresponded, on the average, relatively well to the prediction for the whole tree by applying the constructed multivariate models for pine especially. Because all the biomass components were not measured on all the sample trees, the equations for the total tree biomass were clearly based on a lower number of observations compared to the equations for the biomass of individual tree components, and this partly caused shortcomings in terms of biomass additivity.
When assessing the reliability of the predicted biomass value, statistical errors in the dependent variable caused by the measurements and sub-sampling should not be ignored (Paressol 1999) . Determination of the dependent variables (biomass of tree components or total tree biomass) was not based on direct measurements, but on sub-sampling. Small samples were selected from the tree components by a specific procedure and information about the samples was then used to estimate the biomass of the entire tree component. This process of determining the biomass produces an error in the biomass estimates of the tree components (Paressol 1999 (Paressol , 2001 ). This source of statistical error was not analyzed nor taken into account in the model estimation, because the error of the biomass estimates was difficult to determine confidently. For example, estimates of the variance of branch biomass could not be calculated because the branch biomass of the sample tree was based on the subjectively selected branches and small sample size (one branch per stratum). In any case, this type of error is not a problem in the linear model if the error is uncorrelated with the independent variables (Paressol 2001).
In order to obtain reliable biomass estimates at the national scale (large scale), the biomass models should be based on a representative sample of the stands in which the results are to be applied (Paressol 1999) . The equations developed in our study were based on subjectively selected plots and experiments, which may restrict the applicability of the equations. Due to the lack of representative material, the equations based only on tree diameter, are not presented here (except for some tree components), and some notations and recommendations for suitable applications of the models need to be set. In general, the biomass equations are applicable to all growing stock over a large part of Finland. The equations are valid over a wide diameter range up to 35 and 42 cm, and also produce logical predictions for larger trees when the equations are extrapolated. The validity of the equations is uncertain in the northernmost parts of Finland and on peatlands. There is a risk of biased predictions if multivariate models (1a) and (1c) are applied to stands where the distribution of the tree characteristics deviates from that of the study material. This risk can be decreased by applying multivariate models (2a), (2b), (3a) or (3b) to stands on mineral soil and peatlands.
For crown components, i.e. living branches and needles, the most applicable and stable prediction was obtained by applying multivariate models (2a) and (2b) based on diameter, height and crown length. The crown length significantly diminished the between-stand error variance for both pine and spruce, which implies significantly reliable predictions for the stand-level crown biomass. This will also improve the prediction for energy wood stocks, which was the most unreliable when Marklund's (1988) equation based on diameter and height was applied (Kärkkäinen 2005) . Multivariate models (3a) and (3b) produced the most reliable prediction in the study material, but adding variables depicting the tree growth rate as independent variables increased the multicollinearity of the independent variables which, in turn, subsequently increased the risk of a biased prediction in the combination of independent variables that were poorly represented in the study material. Application of multivariate models (1a) and (1c) based only on tree diameter and height can lead to biased predictions for the crown components in northern Finland and on peatlands, especially on undrained mires, where the diameter-height relationship deviates from that of the study material. In these cases a low height to diameter ratio obviously produces overestimates for living branches and needles due to the negative parameter estimates of tree height.
The tree needle biomass varies between seasons and it is at its highest, especially for pine, at the end of the growing season before dead needles are shed (Jalkanen 1986) . For spruce the dynamics of needle fall is more irregular (Gruber 1990) . In this study the biomass samples were collected during autumn, when a part of dead needles have already been shed. In addition, the number of needle sets varies from year to year in both pine and spruce (Jalkanen et al. 1995 , Levanič et al. 2006 . In this study, the field measurements were carried out between 1983 and 2003, when the risk of biased predictions caused by the between-year variation is minor compared to the situation when the needle equation is based only on field measurements conducted in one year only.
Stem wood biomass consisted of two components: stem volume and average wood density of the stem. The usability of the models depended on how these components were depicted in the models. Growth rate is highly (negatively) correlated with wood density in conifers (Mergen et al. 1964 , Hakkila 1979 , Saranpää 1983 , MacPeak et al. 1990 , Mäkinen and Uusvaara 1992 , and stem volume with the tree dimensions: diameter, height and stem taper (Laasasenaho 1982) . The variation in wood density caused by the variation in growth rate was taken into account in multivariate models (2a), (2b), (3a) and (3b) by using the interaction between tree diameter and the agedepicting growth rate as independents variables. Because this variation was ignored in multivariate models (1a) and (1c), multivariate models (2a), (2b), (3a) and (3b) are more applicable. In turn, only the variation in stem form caused by tree height was taken into account in the multivariate models. Also the variation in diameter-and height-independent stem form (stem tapering) has a strong influence on stem biomass (Hakkila 1979) . The upper stem diameter (diameter at a height of 6 meters) was not used as an independent variable, because otherwise the equations would have been valid only for trees with a height over 6 m. The equations for stem wood biomass are now valid for trees of all sizes, as well as for trees with a height under 6 m. When the upper diameter, such as the diameter at a height of 6 meters is measured, the stem biomass can be calculated more reliably by applying an applicable volume function (Laasasenaho 1982 ) and the models for average wood density (Repola et. al 2007) . Stem volume can be converted into biomass by multiplying the predicted stem density by the volume.
All the above-ground tree components were relatively well represented in the material. In contrast, the below-ground biomass equations were based on a relatively deficient material. In addition, the biomass of >1 cm roots was measured on six pine and five spruce trees, and for the rest of the root material it was estimated using simple regression. These facts should be kept in mind when applying the model for root biomass, especially for trees with a diameter of > 25 cm, and for trees growing on peatlands where the root biomass is usual higher than that on mineral soil (Hakkila 1972 , Marklund 1988 . Despite the deficient material, the equations produced logical predictions for the below-ground biomass compare with the functions of Marklund (1988) and Petersson (2006) .
The biomass equations are applicable over a wide range of stand and site conditions in Finland. Due to the applied statistical method the multivariate models enable more flexible application of the equations, and ensure biomass additivity better than the equations presented earlier (Repola et al. 2007) . Furthermore, multivariate models (2a) and (2b) included the equations for stem wood and total above-ground biomass, based on a combination of the independent variables, which were not earlier presented (see Repola et al. 2007 ).
Multivariate Model 2a
Scots pine
Above-ground biomass equations for pine (Table A1) 
Multivariate Model 2b
Norway spruce Above-ground biomass equations for spruce (Table A2) :
Stem wood: where y ki = biomass component or total biomass for tree i in stand k, kg d Ski = 2 + 1.25 d ki (d ki = tree diameter at breast height for tree i in stand k), cm h ki = tree height for tree i in stand k, m cl ki = length of living crown for tree i in stand k, m t 13ki = tree age at breast height for tree i in stand k bt ki = double bark thickness at breast height for tree i in stand k, cm i 5ki = breast height radial increment during the last five years for tree i in stand k, cm i g5ki = cross-sectional area increment at breast height during the last five years for tree i in stand k, cm 2 
